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An investable factor model must construct factors, decide which are predictably rewarded, and combine them Model Sortino Sharpe Ret. (%) Vol. (%) DD (%) Beta TO ¢
into a portfolio. Standard pipelines do this in sequence, so each stage optimizes an objective misaligned Ensemble (A) 239 154 1411 914 13147 0.104 2.67
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with the next. FUSE learns all three under one differentiable objective. We make the following contributions: IPCA I — 5 188 101 942 904 1871 —0087 2.87
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are learned jointly by differentiating through the no-arbitrage pricing problem. SCAE (Q- Boost) 244 119 1031 870 1311 —-0112 3.18
« A modular uncertainty-aware forecasting interface: only conditional factor-return quantiles are SCAE (Chr-2) T 224 146 1380 943 13.09 -0.088 2.93
required, so various forecasters fit the same framework. SCAE (Chr- cHLORA)L 196 104 796 169 2088 0139 299
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LoRA, improving risk-adjusted performance over zero-shot Chronos-2. FUSE (Q-RNN)T 1.81  1.02 10.59 10.43 20.93 —0.018 2.71
: .. . .. FUSE RU 207 1.00 1040 10.40 1529 —0.036 2.33
 Robust out-of-sample evidence: on U.S. equities from 2000-2024, FUSE is competitive net of FHEE Eg SSTI\ZI)T 515 104 968 930 1439 _0.020 257
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Methodology FUSE (Chr-2+LoRA)! 256 1.31 11.13 848 17.01 —0.035 2.25
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and map back to stock space through the same  IPCA and CAE correlate at 0.65 with each other, but only 0.25-0.45 with FUSE: the objective determines
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* LoRA fine-tuning lifts FUSE’s Sortino from 1.90 to 2.56, while its lowered it in the staged pipeline.
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